The analysis of the degradation of tandem amorphous silicon (a-Si:H) and microcrystalline silicon ( -Si:H): Micromorph thin-film photovoltaic (TFPV) modules and its impact on the output power of a PV array under outdoor long term exposure located in Jaén (Spain) is addressed in this work. Furthermore, the evolution of main solar cell model parameters is evaluated by means of parameters extraction techniques from monitored data of the PV system in real operation of work. The degradation rate and the stabilization period of micromorph TFPV modules, as well as the results of the evolution of each of the solar cell model parameters along the outdoor long-term exposure are analysed in order to gain a better understanding of changes in performance of micromorph TFPV modules and the behaviour of the output power of the PV generator.
Introduction
Thin-film photovoltaic (TFPV) technologies based on cadmium-telluride (CdTe), copper indium gallium selenide (CIGS) and silicon take around 10% of the global PV market that is mainly dominated by crystalline silicon (c-Si) PV modules. Thin-film silicon PV modules are based on either amorphous silicon (a-Si:H) or microcrystalline silicon (μc-Si:H) and have plenty of advantages such as lower temperature coefficient relative to c-Si and polycrystalline PV modules, low quantity silicon usage as raw material, low-cost manufacturing process and flexibility in product design. However, several weaknesses and challenges in TFPV technologies have been discussed such as low conversion efficiency and long term technological risks in the field performance in terms of durability when compared with the crystalline technology [Campa et al. 2014] .
A list of studies have reported analysis of outdoor performance and degradation of PV modules of several technologies under different climatic conditions [ Kaplanis and Kaplani, 2011; Jordan and Kurtz, 2013; Sharma and Chandel, 2013; Bouraiou et al., 2015; Chandel et al., 2015] . Likewise, performance evaluation of specific TFPV modules based on: CIGS [Al-Otaibi et al., 2015] , CdS/CdTe [ Rawat et al., 2016 ], a-Si:H and μc-Si:H [Tripathi et al., 2014] were also reported. These studies have shown that the degradation rate is mainly associated to the PV module technology and, in addition, TFPV modules present higher degradation rates than polycrystalline and c-Si PV modules (Jordan and Kurtz, 2013; Muñoz-García et al., 2012) . On the other hand, a-Si:H suffers from a performance degradation called light-induced degradation (LID) due to the Staebler-Wronski effect (SWE) [Staebler, D. L. and Wronski, C. R.,1977; Hussin et al., 2015] . It was demonstrated that a-Si:H TFPV modules are degraded mainly by the SWE effect, when compared to other TFPV technologies [Meyer and van Dyk, 2003; van Dyk et al., 2007; Radue and van Dyk, 2010; ] . This degradation phenomenon is also present but is much less severe in μc-Si:H TFPV.
Micromorph TFPV modules are formed by micromorph tandem (a-Si:H/ -Si:H) solar cells that allow a more effective use of the solar spectrum than c_Si solar cells because the band-gaps of both materials form an ideal combination; a-Si:H has a band-gap in the range of 1.7-1.8 eV, while μc-Si:H has the same band-gap as a c-Si wafer, i.e. 1.12 eV [ Shah et al., 2013] . In order to mitigate the degradation of the a-Si:H top cell due to the SWE effect, it needs to be as thin as possible, typically 0.2-0.3 µm. However, a thinner a-Si:H layer limits the short-circuit current of the solar cell if a good matching with the short-circuit current density of the bottom cell is not achieved. For this purpose, an intermediate reflecting layer (IRL) is typically implemented between the top and bottom cells in order to reflect back part of the light that is not absorbed during its first passage through the top a-Si:H cell. Then, the IRL enables a reduction of the a-Si:H solar cell thickness, while keeping its short-circuit current density matched with the one of the bottom cell [Campa et al. 2014] .
In this work we analyse the behavior of micromorph TFPV modules under outdoor long term exposure in Jaén, Spain. The period under scrutiny ranges from late July 2011 to December 2014.
On the other hand, the variation of main solar cell model parameters is also evaluated by means of parameter extraction techniques. The parameter extraction has as input the daily monitored data of the PV system in real operation of work and calculates the temporal evolution of main solar cell model parameters able to reproduce the actual behavior of the whole PV system with a good accuracy.
The rest of this paper is organized as follows: An overview of the PV array under study and its model is given in section 2. The parameter extraction technique, as well as the degradation analysis methodology is also introduced in Section 2. Section 3 describes the experimental PV validation of the parameter extraction algorithm array used in this study. The results and discussion are presented in Section 4. Finally, the conclusions of the study are given in Section 5.
Methodology

Description of the PV system
The PV system under study is sited in Jaén. Jaén is a dry and sunny inland Spanish city with a Continental-Mediterranean climate. Table 1 summarizes main climate parameters of that city sited in the south of Spain, as can be seen in Fig. 1 . The PV array comprises 8 micromorph TFPV modules, with 4 parallelconnected strings of 2 series-connected PV modules each (Np=4, Ns= 2). 
PV Array model and parameter extraction
The well-known one diode five parameter model is considered in this work for modeling the micromorph solar cell, where the relation between the output current and voltage is defined as follows:
where: I ph is the photocurrent, I o is the diode reverse saturation current, n is the diode ideality factor, R s and R sh are the series and shunt resistances respectively, Vt is the thermal voltage. I and V are the output current and voltage.
The model of the solar cell describe by Eq. (1) can be scaled up to the model of the PV array taking into account the configuration of the PV array:
Number of PV modules connected in series by string: N sm , and the number of parallel strings forming part of the PV array: N pm , as well as the internal configuration and the number of solar cells contained in the PV module [Silvestre et al., 2014] .
Several studies based on the simulation of PV systems on different software environments have applied this model and results obtained were experimentally validated with success [Chouder and Silvestre, 2010; Chouder et al., 2012; Chouder et al., 2013; Yu et al., 2013; Di Vincenzo and Infield, 2013; Chine et al., 2014 ] . In this work Matlab/Simulink environment is used for the simulations and the parameter extraction.
In our study we are interested in the investigation of the variation of the solar cell model parameters of the micromorph silicon PV modules when exposed outdoors. Therefore, a parameter extraction technique is included in order to find the set of solar cell model parameters able to reproduce the actual behavior of the whole PV system with the best accuracy.
The parameter extraction technique used in this study is the same used in [Kichou et al., 2016] , where the monitored data: Current, Voltage and Power at the DC output of the PV array together with the in-plane irradiance (G) and cell temperature (T c ) profiles, are used as inputs for the parameter extraction algorithm in order to estimate the set of model parameters of the solar cells forming the PV array.
Considering the number of parallel strings of solar cells present in the PV array, Np, Eq. 1 can be written as follows:
where I is the DC output current of the PV array.
For any arbitrary value of G and T c , the photocurrent, I ph , is given by:
where G* and T* c are respectively the irradiance and cell temperature at standard test conditions (STC) : 1000 W/m 2 (AM1.5) and 25ºC, k i is the temperature coefficient of the current and I scc is the solar cell short circuit current at STC.
The diode current, I d , included in Eq. 2 is given by:
where Io is the saturation current of the diode and Ns is the number of solar cells connected in series in each string.
Finally, the shunt current, I sh , included in Eq. 2 can be calculated from:
where V is the DC output voltage of the PV array.
The parameter extraction algorithm evaluates: Iph, Io, Rs, Rsh, and n by using Eqs. 2-5 and actual daily profiles of monitored electrical parametersnamely, current and voltage at the DC output of the PV array, together with G and Tc. Then, a nonlinear regression algorithm based on the LevenbergMarquardt method was applied to both data sets: The daily monitored data from the PV array in real conditions of work and simulation results generated by using the described model, in order to minimize the following quadratic function [Chouder and Silvestre, 2009; Durisch and Mayor, 2003; Kichou et al., 2016] :
where  =f (Iph,Io,Rs,Rsh,n) 
Effective peak power of the PV array
The degradation analysis is based on the variation of the output power of the PV array along the monitoring campaign. The effective peak power of a PV array, P* M , at STC is defined as follows [Martínez-Moreno et al., 2012; Muñoz et al., 2015] :
where P DC , G and T c are the DC output power of the PV array, the irradiance and cell temperature respectively, G* and T c * are the irradiance and temperature at STC, respectively, and  is the power temperature coefficient of the PV modules.
The power coefficient temperature, , can be calculated as follows [Spataru et al., 2015] :
where P max is the maximum power of PV modules at STC and the reference temperature is 25 ºC.
The evaluation of P* M requires a previous filtering of irradiance values in order to avoid the influence of operational anomalies [Martínez-Moreno et al., 2012; Muñoz et al., 2015] . In this study the data corresponding to low levels of irradiance (G < 700 W/m 2 ) are discarded before the calculation of P* M values.
As the solar spectrum distribution at in-plane irradiance levels above 700 W/m 2 closely matches that of the AM 1.5G standard reference spectrum in the city of Jaén [Nofuentes et al., 2014] , no spectral effects have been included in Eq. 7.
Power-Irradiance technique
In this work, the technique presented by Hussin [Hussin et al., 2015] ), Pdc stab is the predicted array DC power referred to stabilized, Pm stab is the stabilized peak power of the PV module found in the manufacturer's data sheet, η is the efficiency referred to all general system losses which changes between 0.89 in summer and 0.86 in winter months, Gn and Tn are the reference irradiance and cell temperature respectively at STC .
As it has been previously mentioned, a data filtering process was carried out in order to avoid problems of uncertainties caused by low values of irradiance
Linear regression equations are obtained by using a Linear Correlation Approach (LCA) from the actual PV array DC output power for each month described by the following empirical equation:
where Pdc is the array DC output power, A Gr is the gradient, G is the plan-ofarray irradiance and C is the ordinate value of Pdc at G = 0.
Finally, the monthly gradient values of each empirical equation can be plotted to observe the degradation rate and determine the stabilization period upon this type of micromorph PV modules [Hussin et al, 2015] .
Experimental
Parameter extraction procedure validation
The parameter extraction algorithm calculates the set of values for the five model parameters of the solar cell: Iph, Rs, Rsh, Io and n by using Eqs. 2-5 described in section 2.2 that allow reproducing the actual behavior of the PV array. For this purpose, the daily monitored data set: Output DC current and voltage, irradiance and temperature of the PV array in real conditions of work are used as input data of the algorithm and it is executed until function S(),
given by Eq. 6, is minimized. Table 3 shows the set of solar cell model parameters obtained corresponding to October 6, 2011. Fig. 2 shows a comparison of the DC output power of the PV array, monitored and evaluated by using the set of model parameters obtained from the parameter extraction algorithm for that day. As it can be seen a good agreement is found between simulation results and monitored data. The coefficient of variation of the root mean square errors, CV(RMSE) between both data sets, monitored and calculated by using the set of model parameters, are given in Table 4 for the DC output current, voltage and power of the PV array respectively. 
Results and discussion
Evolution of the effective peak power of the PV array
The evolution of the effective peak power of the PV array, P* M , and the monthly radiation, H, along the monitoring campaign are shown in Fig. 3 .
As it can be seen, an initial important decrease of the effective peak power can be clearly identified and after that, the variation of the P* M follows the climate seasonal changes.
The initial decrease in output power of the array is followed by an increase over the summer months, a decrease over winter months and once again an increase over summer months. As the solar cells contain a thin film amorphous layer, the regeneration on summer months can be assigned to light-induced annealing [Meyer and van Dyk, 2003 ], spectral effects [Carlson, 2003 ] and to the thermal regeneration [Yamawaki et al., 1997; Ruther et al., 2008 ] . A linear least square fitting method was used to estimate de degradation rate, R D . This method was applied to the monthly effective peak power, P* M , calculated by using Eq. 13 and monitored data. The degradation per year can be calculated by linear regression (LR) as follows [Phinikarides et al., 2014; Sharma et al., 2014] :
The equation of the trend line is:
where m is the slope of line and c is the y intercept, Thereby, the degradation per year: R D (%) can be calculated as follows [Sharma et al., 2014 ]:
The degradation rate calculated from the trend line is found to be: -2.2015 %/year. The analytical uncertainty reported along with the degradation rate was determined from the standard errors of the linear fit. A second monitoring data filtering process was carried out following the procedure used in previous reported studies in order to analyse the stabilization period of the PV array [Hussin et al., 2015] . In this second filtering process, one point for each month of the monitored data for tilted irradiance in the range of 900 W/m 2 < G < 920 W/m 2 and working PV module temperature in the range 53 ºC < T < 60 ºC was selected.
From results obtained in the filtering process shown by 
Power-Irradiance technique results
The Power-Irradiance technique was applied to assess the degradation rate From the Figs. 6-9 it can be seen that, the measured DC array output power changes the tendency from the expected initial values to the stabilized ones in the course of time. The stabilization period can be estimated by plotting the gradient values obtained from the empirical equation of each month. As it can be seen in Figs. 10 and 11 the stabilization period of these TFPV modules is of four months of exposure under real conditions of solar irradiance and temperature corresponding to the climate of Jaén. 
Evolution of solar cell model parameters
The evolution of the solar cell parameters reflects the behaviour of the TFPV modules under seasonal climatic variation. The following figures show the monthly average value of each one of the solar cell model extracted parameters during the whole monitoring period. obtained is very small and follows the seasonal changes. The ideality factor shows a small reduction in summer while it increases in winter periods.
However, the value of n fluctuates around a mean value of n= 1.2 and the seasonal variations are small. This fact indicates that the diode included in the equivalent circuit of the solar cell corresponding to the five parameter model is dominated by the μc-Si:H substrate [Brammer, T. and Stiebig, H., 2006] .
In summer months, it can be seen that there is an improvement in the material characteristics especially in the amorphous layer, caused by the higher temperatures reached by the solar cells. This improvement is due to an increase in charge carrier lifetime and a reduction in band gap [Meyer and van Dyk, 2003; Radue and van Dyk, 2010 ], that's why the values of n are reduced.
On the other hand, in winter months, the extracted values of the ideality factor n are increased due to the increase of the recombination current [Radue and van Dyk, 2010] . The open-circuit voltage is decreased due to the decrease of the bandgap caused by the higher temperatures in summer season [Radue and van dyk 2010] . The combination of bandgap reduction and strong increase of temperature in summer periods along with the increase in short circuit current due to LID effect lead to an increase of the saturation current despite the reduction of recombination effects in summer. As can be seen in Fig. 13, I o varies from values in the order of 10 -7 A to values around 10 -8 A in winter periods. This variation of about one order of magnitude also explains the small seasonal changes observed in the value of the ideality factor. The continuing decrease in short circuit current, I sc , throughout the first four months of the deployment period can be observed in Fig. 14. After that it shows a more stable trend following the seasonal changes.
The improvement in output current during summer time is due to the effect of solar spectral irradiance and to thermal-recovery of the LID affecting the thin film amorphous layer [Carlson, 2003; Radue and van Dyk, 2010] . The lower temperatures in winter also reduce the thermal recovery rate for the a-Si solar cells. The minimum value of I sc in the worst winter months is approximately 12% less than the peak value of this parameter for the a-Si/μc-Si solar cells. This reduction is very small compared to the observed on a-Si PV modules in outdoor conditions of work at the same location [Kichou et al., 2016] . The reduction of R sh in TF solar cells under outdoor exposure for long periods of time has been previously reported [Radue and van Dyk, 2010; van Dyk and Meyer, 2004] . On the other hand, after the stabilization period, the evolution of R sh shows the same seasonal trend that the evolution of the output power of the PV array and I sc as expected. [Radue and van Dyk, 2010; van Dyk and Meyer, 2004] . temporal evolution of each one of the model parameters permits achieving a better understanding of the performance changes of the PV modules and the evolution of the output power of the PV array and the degradation rate.
Furthermore, the seasonal variation of micromorph PV modules behaviour was also observed in the evolution of the solar cell model parameters. It must be noted that the µ-Si:H bottom cell dominates the evolution of most solar cell parameters, mainly the ideality factor and saturation current, while the evolution of the short circuit current see ms to be more related to the of the behavior of the a_Si:H top cell.
